Extreme droughts in Amazonia cause anomalous increase in fire occurrence, disrupting the stability of environmental, social, and economic systems. Thus, understanding how droughts affect fire patterns in this region is essential for anticipating and planning actions for remediation of possible impacts. 
INTRODUCTION
Tropical forests host between 20 and 40% of the known animals and plant species of the globe (Maués and Oliveira, 2010) . Among them, the Amazon rainforest stands out for its rich biodiversity and for playing a crucial role on climate regulation and global carbon cycle (Marengo and Betts, 2011) . Nevertheless, extreme droughts, such as those caused by the El Niño Southern Oscillation (ENSO) and the Atlantic Multidecadal Oscillation (AMO), are able to cause priceless environmental, social and economic damages (Anderson et al., 2011; Smith et al., 2014; Marengo and Espinoza, 2016; Silva Junior et al., 2018a; Campanharo et al., 2019) . Here, we consider as drought, the year in which rainfall is significantly below the expected average, resulting in significant abnormally low rainfall. During the last century, the Amazon region underwent eight major droughts, with a mean interval of 12 years. However, just in the first 16 years of this century, the region has already experienced four major droughts, with a mean interval of only 4 years (Marengo and Espinoza, 2016) . The occurrence of these repeated droughts in such short time evidences the climate change effects, which were already predicted for the 21 st century by global models (Li et al., 2006; Malhi et al., 2008) .
The occurrence of frequent and severe droughts negatively affect the structure and function of Amazonian ecosystems, impacting the forest carbon balance through reduced forest productivity and increased tree mortality (Phillips et al., 2009; Brienen et al., 2015; Anderson et al., 2018) and increasing forest's vulnerability to fire (Aragão et al., 2007 . According to Aragão et al. (2014) , carbon emissions during drought years could double (from 0.24 to 0.46 Pg C year −1 ) as a direct result of the increase in forest fires and tree mortality. Besides that, according to Aragão et al. (2018) , carbon emissions from forest fires alone during drought years are more than half as great as those from old-growth forest deforestation.
In Amazonia, fire seasonality is the result of a synergic interaction between deforestation, vegetation water deficit, and ignition sources (Aragão et al., 2008; Cochrane and Laurance, 2008; Cano-Crespo et al., 2014; Fanin and van der Werf, 2015) . In this region, fires can be classified into three categories, related to their origin (Aragão et al., 2008; Lima et al., 2012) : (a) areas that have been deforested and then burned in the same year, (b) areas that have been deforested in previous years and then burned, such as management of agricultural and livestock areas, and (c) fires in natural vegetation cover, as in forest and savannas. However, due to the increased frequency of droughts in Amazonia (Marengo et al., , 2018 Marengo and Betts, 2011; Jiménez-Muñoz et al., 2016; Marengo and Espinoza, 2016; Garcia et al., 2018) , the incidence of fires has been exacerbated in the region (Aragão et al., 2007 . Drought-affected areas are more prone to fire occurrence due to increased vegetation water deficit. Water deficits increase fuel availability by drying the preexistent necromass and litter within the forest understory, as dead trunks, branches and leaves, and also potentially kill trees through natural processes that add up to the fuel stock (Anderson, 2012; Aragão et al., 2014) . On the other hand, although droughts tend to increase fire probability in forests, the spatial pattern of drought-induced fires is consistent with the distribution of human settlements that act as ignition sources within Amazonia region (Aragão et al., 2007) .
Since fire occurrence can be enhanced by droughts, its effects vary accordingly to the spatial and temporal distribution of these droughts. Considering recent drought events that occurred in Amazonia, it is clear that each one has distinct spatial and temporal patterns following the configuration of a variety of climate controlling factors (Aragão et al., 2007 Coelho et al., 2012; Jiménez-Muñoz et al., 2016; Marengo and Espinoza, 2016; Panisset et al., 2018) . In the year 2005, for instance, the drought was primarily reported as a direct consequence of the North Tropical Atlantic Ocean warming, affecting mainly the southwest region of the Amazon forest (Aragão et al., 2007) . On the other hand, the 2010 drought was associated with both the North Tropical Atlantic Ocean warming and the ENSO, impacting not only the southwest region but also the south region . Recently, at the end of 2015 and the first months of 2016, one of the greatest El Niño events of the last decades was registered; and it was associated with an increase in land surface temperatures, associated to an intense period of drought in central Amazonian forests (Jiménez-Muñoz et al., 2016) . However, the spatial-temporal pattern of fire occurrences in 2016 year during 2015/2016 drought has not been investigated in the literature.
Therefore, in order to help mitigating the negative effects of fires upon Amazonian forests and better prepare the society, living in vulnerable areas, to cope with the impacts of drought and fire under a changing climate, it is necessary to understand the different causes and patterns associated with droughts and how these droughts impact the patterns of fire occurrence in Amazonia. Aragão et al. (2007) analyzed the spatial extent of the 2005 Amazonian drought and its associated fire response. The results showed that, during 2005, the annual cumulative number of thermal anomalies (an indicator of active fire) increased 33% in relation to the 1999-2005 mean in Amazonia.
To expand the analysis provided by Aragão et al. (2007) , we investigated the different causes and patterns associated with the 2010 and 2015/2016 Amazonian droughts and their impacts on fire occurrence and carbon emissions in the Brazilian Amazon biome. In this study, we aim to answer the following questions: (1) What are the causes and the spatio-temporal patterns of intraannual rainfall and temperature anomalies during the 2010 and 2015/2016 Amazonia droughts? (2) What is the spatio-temporal response of fire occurrence during the 2010 and 2015/2016 Amazonian droughts? (3) What is the extent of burned forest, non-forest vegetation and productive lands during the 2010 and 2015/2016 Amazonian droughts, and their fire-associated carbon dioxide (CO 2 ) emissions?
MATERIALS AND METHODS

Study Area
The study area encompasses the Brazilian Amazon biome (Figure 1) covers an area of 4,196,943 km 2 , which represent 49% of the Brazilian territory. Forest areas in the Brazilian Amazon biome declined from 3.856.867 km 2 in 1985 to 3.493.163 km 2 in 2017 (MapBiomas, 2018) . The period analyzed in this research refers to the 2006-2016 period, a window of 11 years affected by two major droughts, in and 2015 (Jiménez-Muñoz et al., 2016 Aragão et al., 2018) . This time interval also corresponds to a period with the stabilization of deforestation rates in the Brazilian Amazon biome at low historical levels (Instituto Nacional de Pesquisas Espaciais [INPE], 2018) . By focusing on the studied period, we aimed to reduce the influence of fires directly associated with the deforestation process.
The Brazilian Amazon biome plays a key role in worldwide climate regulation and in preserving fundamental ecosystem services (Nepstad et al., 2009; Aragão et al., 2014) . Among the challenges faced by the region, those related to land transformation for different purposes stand out, such as deforestation and fires. Historically, cattle ranching and agriculture are the main drivers of Amazonia's land cover and land use changes (Fearnside, 2005) . This is evident in the active land-use frontier in southern Amazonia (Morton et al., 2006) , known as Arc of Deforestation, which is consolidated in terms of forest losses, intensity of fire activity and expansion of economic activities (Kalamandeen et al., 2018) . This region is located in the Equatorial climate zone A, according to Köppen climate classification (Köppen, 1936) . This climate zone is characterized by constant high temperatures, with the temperature of the coldest month being 18 • C or higher (Kottek et al., 2006) . As a whole, Amazonia comprehends three main tropical climatic zones: Equatorial Rainforest (Af) in the northwest, the Equatorial Monsoon (Am) observed in the center, and the Equatorial Savannah climate with dry winter (Aw), located at the eastern and southern flanks of the region (Alvares et al., 2013) . Amazonia also embraces a small portion of the Equatorial Savannah with dry summer (As) in the extreme northern region of the Maranhão state (Alvares et al., 2013) .
Datasets
Sea Surface Temperature Anomalies
We analyzed 11 years of monthly time-series (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) (2016) of Atlantic and Pacific sea surface temperature anomalies indices 1 , acquired from the National Oceanic and Atmospheric Administration -NOAA. Positive sea surface temperature anomalies have been associated with the intensification of negative rainfall anomalies in the Amazon . The first index evaluated was the Multivariate El Niño Index (MEI). The MEI index anomalies are composed of six variables collected over the Pacific Ocean, used to characterize the Southern Oscillation (ENSO) phenomenon (Wolter, 1987) . Negative values of the MEI represent the cold ENSO phase (La Niña), while positive values represent the warm phase (El Niño). Very intense El Niño has been associated with droughts in the Amazon region . Secondly, we evaluated the Pacific Decadal Oscillation Index (PDO). The PDO depicts long-term patterns of El Niño-like status of the Pacific Ocean . Positive PDO indicates the warm phase of the Pacific, and the opposite reflects the cold phase. Finally, we assessed the Atlantic Multidecadal Oscillation index (AMO), which describes average anomalies of sea surface temperatures (SST) in the North Atlantic basin, typically over 0-70N (Schlesinger and Ramankutty, 1994) . The AMO index was acquired from the Kaplan SST V2 from the NOAA/OAR/ESRL PSD, Boulder, CO, United States, covering the extent of 87.5 • S -87.5 • N, 2.5 • E -357.5 • E.
Rainfall
We used the monthly precipitation data from the Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS; Funk et al., 2015) . CHIRPS is a rainfall product and is made available at daily to seasonal time scales with a spatial resolution of 0.05 • , starting from 1981 onward 2 . The CHIRPS rainfall dataset incorporates satellite information with in situ rainfall gauge station data to create gridded rainfall time series. This dataset has shown good performance in several regions of the world (Lopez-Carr et al., 2015; Duan et al., 2016; Katsanos et al., 2016; Verdin et al., 2016; Correa et al., 2017; Perdigón-Morales et al., 2018) and explains about 73% of observed rainfall in field gauge stations in the Brazilian Amazon with a root mean square error below 15 mm month −1 .
Land Surface Temperature
The surface temperature data was derived from MODIS MOD11C3 (Collection 6) (Wan et al., 2015) . This product is available for the entire globe in a spatial resolution of 0.05 • and is calculated from the daily mean temperature of the MOD11C1 product 3 . Calibration of the product is often carried out using fieldwork data and studies based on radiance (Wan et al., 2015) . The Collection 6 shows improvements regarding aerosol and cloud content (Wan et al., 2015) .
Land Use and Land Cover
We used land use and land cover data from the Brazilian Annual Land Use and Land Cover Mapping Project (Collection 3 4 ) (MapBiomas, 2018) . This dataset is based on the classification of Landsat images (30m of spatial resolution) using a theoretical algorithm implemented in a cloud computing platform. Details about the processing and validation of the dataset can be found in the Algorithm Theoretical Basis Document 5 . The accuracy estimation for Collection 3 is still in preparation and as soon as it is completed it will be available at: http://mapbiomas.org/pages/accuracy-analysis.
However, the last overall accuracy of the maps (Collection 2.3) provided by the MapBiomas for the Amazon biome was 82.70%.
Active Fire
We acquired the active fire data from MODIS sensor onboard AQUA satellite, which is available online at FIRMS -Fire Information for Resource Management System 6 . The data is derived from the active fire product from MODIS MCD14ML (Collection 6), where all active fires are adjusted to a spatial resolution of 1 km. Here, we used only the active fires with 80% or higher confidence level.
This product is created through a contextual algorithm that compares the medium and thermal infrared bands with reference images without fire. Following the comparison, false detections are rejected by the brightness temperature test in relation to its neighbor pixels (Giglio et al., 2003) .
In Collection 6, the MODIS MCD14ML product quality has improved quite significantly and now commits less commission and omission errors in tropical ecosystems, and is able to identify smaller fires (Giglio et al., 2016) . This product had global commission error of 1.20%, indicating improvements in the performance of the Collection 6 compared to Collection 5 (Giglio et al., 2016) .
Burned Area
We acquired burned area data from the new global burned area product 7 developed by European Space Agency's (ESA) Climate Change Initiative (CCI) program, under the Fire Disturbance project (Fire_cci). The ESA burned area product has spatial resolution of 250 m with an estimated overall accuracy of 0.99, omission error of 0.70 and commission error of 0.51 (Chuvieco et al., 2018) .
The burned area detection algorithm is based on monthly composites of daily images (MODIS MOD09GQ surface reflectance product), using temporal and spatial distances from active fires (MODIS MCD14ML active fire product). Two steps are considered in the algorithm. The first aims to reduce commission errors by selection of clearly burned pixels and uses active fires as seeds to its detection. The second one, which aims to reduce omission errors, is based on an application of contextual analysis around the seed pixels (Chuvieco et al., 2018) .
Carbon Dioxide (CO 2 ) Emissions
We used the CO 2 emission data from the Global Fire Emissions Database (GEFEDv4 8 ). This data is available at a spatial resolution of 0.25 • (Van Der Werf et al., 2017) . The GEFEDv4 dataset combines information from satellite data, regarding fire activity and vegetation productivity. This dataset is based upon large and small areas affected by fire (Randerson et al., 2012; Giglio et al., 2013; Van Der Werf et al., 2017) . The emissions are estimated using the methods employed in the literature (Andreae and Merlet, 2001; Van Der Werf et al., 2010 Akagi et al., 2011) .
Methods
Data Processing
First, we resampled the rainfall and surface temperature data to a spatial resolution of 0.20 • using the nearest neighbor average. Afterward, we quantified the monthly active fire occurrence using pixels in a grid cell coincident with the rainfall and surface temperature grid.
To perform the temporal monthly analysis, we calculated the average of all pixels within the boundaries of the Brazilian Amazon biome for surface temperature and rainfall data, followed by the quantification of all active fire occurrences and total CO 2 emissions using the same temporal scale. Then, to perform the spatial analysis, the data was grouped in four trimesters: January, February and March (JFM); April, May, and June (AMJ); July, August, and September (JAS), and October, November, and December (OND). For the surface temperature data, the values were aggregated considering the mean value. For both rainfall and active fire data, the sum within each trimester was considered.
Burned Area by Land Use and Land Cover
First, we use monthly burned area data to compile 11 annual burned area maps (2006) (2007) (2008) (2009) (2010) (2011) (2012) (2013) (2014) (2015) (2016) . Then, we resampled the annual burned areas data to a spatial resolution of 30 m to match the land use and land cover data. Finally, we simplified the original classes of the land use and land cover data, resulting in the following three new classes: Forest (Forest Formations), Non-Forest Vegetation (Grassland and Others Non-Forest Formation), and Productive Lands (Agriculture, Pasture and Agriculture/Pasture). The other classes of the land use and land cover data were not considered in our analyses. To quantify the burned areas by land use and land cover classes, we overlay the maps year by year.
Anomalies Calculation and Analysis
We calculated monthly and three-monthly period anomalies using Eq. (1) (Aragão et al., 2007) . The anomalies were given by the normalized standard deviation (σ). For calculating the average and standard deviation, we excluded the years of 2010, 2015, and 2016.
In Eq. (1), X is the month or three-monthly period under analysis,X the monthly or quarterly average of the 2006-2016 temporal series, and σ is the standard deviation of the 2006-2016 temporal series. We considered as significant anomalies those higher or equal to 1.96 and lower or equal to −1.96 standard deviation, which corresponds to a confidence level of 95% (Anderson et al., 2010) .
To assess the recurrence of rainfall, temperature, and fire anomalies in the two droughts evaluated, we considered only the areas with significant negative anomalies (p ≤ 0.05) for rainfall and positive for temperature and fire. First, we assign the value 1 to these areas, resulting in binary maps, which were summed to obtain the recurrences for each trimester. Finally, we quantify the proportion of pixels with significant positive fire anomalies (p ≤ 0.05) associated with significant decrease of rainfall, increase of temperature or both (p ≤ 0.05).
RESULTS
Temporal Patterns of the Sea Surface Temperature Anomalies and Their Relationship With Rainfall, Temperature, and Fire Occurrence During 2010, the MEI had positive anomalies in the beginning of the year, turning subsequently into negative values (Figure 2A ). The AMO index had positive anomalies throughout the year ( Figure 2C) . The PDO was neutral and turned into negative values ( Figure 2B) . During this year, in addition to the decrease in rainfall (Figure 2D) , we observed an increase in temperature ( Figure 2E ) and fire anomalies (Figure 2F ). In 2015, differently, the three oceanic indices exhibited positive anomalies (Figures 2A-C) , developing the longest period with abnormally low rainfall ( Figure 2D Spatial Patterns of Rainfall, Temperature, and Fire Anomalies
Rainfall Anomalies
Regarding the impacted areas, we observed that the spatial distribution of 2010, 2015, and 2016 droughts was remarkably different (Figure 3) . During the JFM period of 2010 and 2016, the significant negative rainfall anomalies were accumulated in the north portion, especially in Amazonas and Pará states, corresponding to 24% (846,800 km 2 ) and 19% (670,400 km 2 ) of the total study area, respectively. On the other hand, in 2015, we found significant negative rainfall anomalies in the southern and central region of Amazonia as well as in the northern portion of Pará and Rondônia states, affecting all together about 7% (248,000 km 2 ) of the total study area.
During the period of AMJ, which corresponds to the beginning of the dry season, we observed the development of large areas with significant negative rainfall anomalies in 2010 and 2016, mainly in the south region, corresponding to 13% (452,000 km 2 ) and 8% (272,400 km 2 ) of the study area, respectively. However, we also noted a small area of significant negative rainfall anomalies in the northern region in 2015, between Amazonas and Roraima states, representing about 4% (144,800 km 2 ) of the study area.
During JAS, which corresponds to the period where most of the study area is under the dry season, in 2010 and 2015 we observed large areas of significant negative rainfall anomalies, spatially concentrated in the central portion, at Amazonas and Pará states, corresponding to 8% (296,000 km 2 ) and 16% (561,600 km 2 ) of the total study area, respectively. In contrast, we identified a small area of significant negative rainfall anomalies in the southwest of Amazonas state in 2016, equivalent to 3% (98,800 km 2 ) of the total study area. Finally, we highlight the largest area of significant positive rainfall anomalies in the south region, representing 14% (508,400 km 2 ) of the total study area.
Concerning to the OND period, during the rainy season in most of the study area, we observed large areas of significant positive rainfall anomalies in 2010 and 2016 years, predominantly in the north region, corresponding to 9% (311,600 km 2 ) and 19% (686,800 km 2 ), respectively. Surprisingly, the largest area of significant negative rainfall anomalies, which was spatially generalized along the Brazilian Amazon biome, was identified in the JAS period of 2015, occupying an impressive 1,702,800 km 2 (47%) of the study area.
Temperature Anomalies
During the two analyzed droughts, there was a significant increase in the area affected by anomalous positive temperatures (Figure 4) . During the period analyzed, the area affected by positive temperature anomalies exceeded the areas with negative anomalies, with exception of the last trimester of 2016.
During the 2010 drought, the significant positive temperature anomalies were observed mainly in JFM and AMJ periods, covering an area of 23% (840,400 km 2 ) and 21% (771,200 km 2 ), respectively, distributed along the whole Brazilian Amazon. Areas with significant positive temperature anomalies presented a decrease from 11% (404,400 km 2 ) to 9% (324,800 km 2 ) in the JAS and OND trimester, respectively. While in the JAS, the affected areas were concentrated mainly in the eastern and western fringes of the Brazilian Amazon biome. During OND, the positive anomalies were located in the south and west portions of the study area. Similarly, during the 2016 drought, significant positive temperature anomalies were identified mainly in the first 6 months. In the JFM period, the anomalies were distributed along the whole Brazilian Amazon biome, affecting more than half of the study area (51%, corresponding to 1,848,000 km 2 ). During the AMJ period, anomalous high temperatures were concentrated mainly in the central and east region, representing 24% (875,200 km 2 ) of the study area. From July to December, the area affected by high temperatures started to decrease, from 15% (542,400 km 2 ) to 2% (74,000 km 2 ), scattered throughout the study area. In contrast, during the 2015 drought, significant positive temperature anomalies occurred along the whole Brazilian Amazon biome for all the analyzed trimesters. Differently from 2010 and 2016 droughts, the largest areas affected by anomalous high temperature in 2015 occurred in the second semester of the year, during the JAS period, covering 51% (1,821,600 km 2 ), and in OND period, with an extent of 2,188,800 km 2 , 61% of the study area. Figure 5 shows the spatial pattern of active fire anomalies calculated for each three-monthly period for the 2010, 2015, and 2016 drought years. In general, areas with negative significant fire anomalies, which corresponds to less active fire pixels than the average, affected less than 1% of the study area.
Fire Anomalies
In the three analyzed years (2010, 2015, and 2016) , positive fire anomalies were evident in the north of the studied region in the JFM trimester, shifting to the south in the AMJ trimester, and spreading across the study area in JAS trimester. Following this period, the area impacted decreased, with a mix of positive and negative anomalies in the west and south of the study area. During JAS trimester of 2010, we observed a peak in affected area totalizing 7.8% (278,800 km 2 ), followed by the OND period in 2015, with 6.4% (231,200 km 2 ) of the study area. In 2016 during JFM trimester, the peak in area affected by fires reached 2% (75,600 km 2 ) of the study area. On the other hand, during the AMJ period, positive fire anomalies were detected in the south region of Amazonia but represented an area smaller than 1% of the study region. Surprisingly, during the 2015 and 2016 years, in the JFM and OND trimester periods, the positive fire anomalies extended beyond the Arc of Deforestation, scattered in the central and north regions.
The combination of decreased rainfall and increased temperature made the landscape more susceptible to fire in Amazonia. Figure 6 shows the proportion of pixels with significant positive fire anomalies (p ≤ 0.05) associated with rainfall decrease, temperature increase or both. Throughout the analyzed droughts, we observed that the significant positive fire anomalies interacted with rainfall reduction, temperature increase or both. These interactions differed among the two droughts. During the first semester of 2010, more than half of the pixels with significant positive fire anomalies (66% in the JFM and 62% in the AMJ) were associated with anomalous rainfall reduction and temperature increase. On the other hand, in the last two trimesters of 2010, the grid cells proportion ranged from 21% in the JAS to 25% in the OND trimester. During the 2015 drought, we observed an inverse pattern, with significant positive fire anomalies pixels associated with rainfall reduction and temperature increase ranged from 15% in the AMJ period to 49% in the JFM, and from 64% in the JAS to 86% in the OND trimester. However, during the 2016 drought, the proportion of pixels with significant positive fire anomalies associated with rainfall reduction and temperature increase progressively decreased from the beginning to the end of the year, from 87% in the JFM to 9% in the OND. Overall, temperature anomalies contributed significantly to the increase of fires during the 2015 and 2016 droughts. However, the interaction between rainfall reduction and temperature increase dominated the last trimester of 2015 and the first trimester of 2016.
Recurrence of the Rainfall, Temperature, and Fire Anomalies
The recurrence of significantly anomalous low rainfall and high temperatures, both affected extensive areas during the end of wet season and beginning of the dry season (JFM and AMJ trimester) (Figure 7) . Areas affected by significant negative anomalies represent more than 20% of the study area, in each trimester, while the areas affected by significant positive anomalies were larger than 25% of the study area. Spatially, however, the patterns were distinct. While areas affected two or three times with abnormally low rainfall were located in the eastern and southern parts of Amazonia (Figure 7 ; first row), anomalous high temperature recurrence was concentrated in the northern part of the study area (Figure 7 ; second row). The two-time recurrence of positive fire anomalies varied between 10 and 19%, of the area peaking when most of the region was under the wet season. The largest areas with anomalies in JFM were located in the northern part of the Amazon, which during this period is under the dry season. Interestingly, during OND, areas which are under the wet season also exhibited positive fire anomalies, including the central region, along the margins of the Amazon river (Figure 7 ; third row). Figure 8A shows burned areas and their respective annual proportions classified by different types of land use and land cover within Brazilian Amazon biome. In 2007, we observed the largest total annual burned area (41,919 km 2 ), were 69% occurred in productive lands, 17% in non-forest vegetation, and 14% in forest cover. On the other hand, 2013 had the lowest annual burned area (9,132 km 2 ) were 54% occurred in productive lands, 28% in non-forest vegetation, and 18% in forest cover.
Burned Area by Land Use and Land Cover and Fire-Associated Carbon Dioxide Emissions
A total of 41,378 km 2 of burned area was observed during the 2010 Amazonian drought (Figure 8A) , dominated by productive land fires (68%; 28,161 km 2 ), with 12% (5,032 km 2 ) of fires occurring in forested areas. During the same drought, we observed a simultaneous burned area increase of 168% in productive land (Figure 8D ), 73% in non-forest vegetation ( Figure 8C ) and 91% in forest covers (Figure 8) . Fires in natural and anthropic environments result in the emission of particulates and gases. In Figure 9 , we show the seasonality, anomalies and total carbon dioxide (CO 2 ) emission within Brazilian Amazon biome. In general, the lowest monthly CO 2 emissions were present in January and February for all analyzed years, with peaks of emission mainly in August and September ( Figure 9A) . However, in 2010 we found significant (p ≤ 0.05) monthly CO 2 increases revealed by five positive anomalies in January (2.00 σ), February (2.47 σ), April (3.29 σ), July (2.06 σ), and August (3.47 σ), while no significant negative anomalies were observed (Figure 9B Commonly, the spatial and temporal natural variability of rainfall in Amazonia can be influenced by El Niño/La Niña events or by temperature anomalies in the Tropical North Atlantic. Our results showed that the 2010 drought was related to the warming of the North Atlantic Ocean, measured by the AMO Index, while the 2015/2016 drought, significant rainfall reduction was induced by an anomalous warming of both the Atlantic and Pacific ocean, as evidenced by the AMO, MEI, and PDO indices (Schlesinger and Ramankutty, 1994; Mantua et al., 1997; Enfield et al., 2001; Wolter and Timlin, 2011) . This results corroborate previous findings for the Amazonia (Lewis et al., 2011; Saatchi et al., 2013; Aragão et al., 2018) . In contrast, the 2016 drought occurred under a cooling of the Pacific Ocean, revealed by a progressive reduction of PDO and MEI indices, but with a steady warming of the North Atlantic, as evidenced by the AMO index. The surface warming in different oceans causes changes in large-scale atmospheric circulation patterns, mainly associated with the Hadley Cell and Walker Circulation, resulting in significantly below-average rainfall over Amazonia (McGregor et al., 2014; Aragão et al., 2018; Barichivich et al., 2018) .
Spatially, sea surface warming affects heterogeneously the patterns of rainfall along the Brazilian Amazon. Positive anomalies in the AMO index reduce rainfall in the southwest region, while positive MEI and PDO index reduce rainfall in the central and northern regions of the Brazilian Amazon . These relationships explain the spatial patterns and extent of negative rainfall anomalies observed here for the two droughts analyzed, especially in the last trimester of 2015 and the first of 2016, resulting from the simultaneous warming of the Atlantic and Pacific Oceans.
We also highlight the occurrence of significant negative rainfall anomalies during the wet season, specifically between January and April 2010, and between October 2015 and March 2016. These findings are consistent with the trend of increase in the dry season length of the Amazonia, observed since 1983 (Marengo et al., 2018) .
Here, our findings revealed a significant warming of the Brazilian Amazon surface during the 2010 and 2015/2016 droughts. At the monthly scale, the 2015/2016 drought was accompanied by a strong and successive positive surface temperature anomaly, while during the 2010 drought, positive anomalies of surface temperature were less intense, showing a cooling trend toward the month of December. At the threemonthly time scale, the magnitude of surface warming was repeated spatially, since more than half of the Brazilian Amazon experienced significant positive temperature anomalies, during the last two trimesters of 2015 and first of 2016, corroborating and adding to the results presented by Jiménez-Muñoz et al. (2016) . This anomalous surface warming can be explained by an increase in the direct solar radiation reaching the land surface (Anderson et al., 2010) , resulting from a drastic reduction in cloud cover during extreme droughts in Amazonia (Jimenez et al., 2018; Martins et al., 2018) . According to Jiménez-Muñoz et al. (2016) , anomalous surface warming combined with reduced rainfall can increase drought severity by 20% in the Amazon, due to the increase in potential evapotranspiration.
In Amazonia, changes in the rainfall regime, especially in the dry season, is one of the main concerns in a world exposed to climatic changes . Model projections (Li et al., 2006; Malhi et al., 2008; Duffy et al., 2015) pointed to a drier climate with more frequent extreme droughts for Amazonia, corroborating with our findings. Besides, the global warming effect tend to be intensified during El Niño events (Cai et al., 2018) , which based on our findings, may cause more frequent and intense droughts in the Brazilian Amazon biome (Duffy et al., 2015) .
Spatio-Temporal Response of Fire Occurrence During the 2010 and 2015/2016 Amazonian Droughts
In Amazonia, anomalous fire occurrence is related to the synergy among drought events, forest fragmentation, and ignition sources (Aragão et al., 2007 Aragão and Shimabukuro, 2010 ; Armenteras et al., 2013 Armenteras et al., , 2017 Cano-Crespo et al., 2015; Silva Junior et al., 2018b) . Here, we clearly show the association between active fires and rainfall in the monthly and trimestral scale, corroborating previous studies (Aragão et al., 2007 . This configuration was also observed in the spatial analyses, were more than 65% of cells with significant fires anomalies were related to significant temperature anomalies. The higher contribution of temperature explained the extent and magnitude of anomalous fires occurrence observed during the 2015/2016 drought, corroborating recent findings which showed evidences that temperature may be an important driver of active fires incidence in Amazonia (Lima et al., 2018) . In addition, by evaluating annual patterns of rainfall, temperature and fire anomalies we show a clear spatial pattern of fires following areas with high temperature and low rainfall during the two droughts analyzed (Supplementary Figure 1) .
In Amazonia, vegetation is sensitive to variation in rainfall patterns (Phillips et al., 2009; Hilker et al., 2014; Anderson et al., 2018) , where droughts make forests drier and hotter, increasing their susceptibility to fire (Nepstad et al., 2004) . Moreover, during droughts, fuel loads tend to increase in the forest understory, as a consequence of increased tree mortality (Nepstad et al., 2007; Brando et al., 2008; Brienen et al., 2015) . During the 2010 drought, fire anomalies were associated to the simultaneous increase of fires occurring in forests, non-forest vegetation and productive lands. However, during the 2015/2016 drought, fire anomalies had a large contribution from fires occurring in forested areas (Supplementary Figure 2) . Natural forest fires are considered rare in Amazonia (Cochrane, 2003; Bush et al., 2007) , however, with the increase in the occurrence and intensification of droughts, forest fragmentation and abundance of anthropic ignition sources, fire becomes prone to escape from open areas into adjacent forest edges, spreading progressively toward the forest interior (CanoCrespo et al., 2015; Silva Junior et al., 2018b) . Differently from 2010, during the 2015/2016 drought, water deficit in the northern region of the Brazilian Amazon increased substantially, varying between 392 and 2,086 mm (Supplementary Figure 3) , which led to a widespread occurrence of forest fires in the same period. During the 2015/2016 drought, forest fire patterns are likely to be associated with different ignition sources. In the extreme north of the Amazonia, in the state of Roraima, sources of ignition were dominated by traditional subsistence practices (Fonseca et al., 2017) . In Amazonas and Pará, contrarily, most forest fires occurred adjacent to agricultural and livestock farms (Withey et al., 2018) . Moreover, in Maranhão state, most of the forest fires were of criminal origin, ignited by loggers in the region called "Mosaico Gurupi" (Celentano et al., 2017a,b) , which is composed by protected areas and indigenous lands.
Based on our findings, we anticipate the increase and dominance of forest fires in the Brazilian Amazon biome during extreme droughts, which may result in large amounts of carbon dioxide emissions into the atmosphere, affecting the stability of the regional and global carbon cycle.
Fire-Associated Carbon Dioxide (CO 2 ) Emissions During the 2010 and 2015/2016 Amazonian Droughts Our analysis shows that drought-induced fires increase carbon dioxide (CO 2 ) emissions to the atmosphere in Amazonia at a monthly scale, evidenced by significant positive anomalies. Although total CO 2 emissions during the 2010 drought (233 Tg C) were higher than the annual emissions in 2015 (147 Tg C) and 2016 (95 Tg C), emissions in the last trimester of 2015 and the first of 2016 were overwhelmingly anomalous. Interestingly, these two trimesters usually correspond to the wet season, where the occurrence of fires are minimal in Amazonia (Aragão et al., 2008) .
In Brazil, the National Plan on Climate Change was defined through Finally, we suggest that drought-induced fire emissions should be included in policies for reducing greenhouse gases emissions, as well as regulations on fire use to prevent the escape of fire to adjacent forests during dry years.
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